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Feasibility of Physiological Monitoring Embedded in Smart Stuff

This thesis evaluates the feasibility and effectiveness of smart physiological sensors
embedded in smart objects of everyday use. The wide acceptance of Smart Stuff, our
term for intelligent objects integrated into Internet of Things (IoT), opens new
opportunities in various application fields such as healthcare and smart homes. With the
proliferation of IoT platforms, there is an opportunity for embedded physiological
monitors in everyday devices. We designed and developed The Touch and Pulse Sensor
(TAPS) that integrates a photoplethysmographic (PPG) and capacitive touch sensor (for
detection of handling), and integrated the sensor with the smart water bottle. We ran a
pilot study with 11 subjects to collect typical usage patterns and effectiveness of vital
sign monitoring. We received very promising results. The bottle was used 15.3 times per
day for 35 s per event on average, and we were able to reliably detect heart rate 45.1% of
the event duration.
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CHAPTER 1
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1.1

INTRODUCTION

Motivation

The explosion of Internet of Things (IoT) devices in recent years has brought and
will continue to bring about new opportunities for ubiquitous physiological monitoring
integrated in intelligent objects of everyday use [1], [2]. A large driving force for this
research is the availability of new generations of sensors and controllers, such as
Maxim’s MAX30100 PPG sensor discussed in Section 3.1, which can be integrated into
small IoT devices. Continuous monitoring of vital signs facilitates both rigorous medical
studies and experimental studies, such as projects supported by the Quantified Self (QS)
community [3]. Devices in this realm are beginning to emerge and are expected to be
widely accepted. However, there are no existing studies evaluating the feasibility of
integrating physiological monitoring into IoT enabled everyday objects. Feasibility
studies, like the one presented in this thesis, will help adoption and acceptance of this
concept.
This thesis presents a use-case study of the Touch and Pulse Sensor (TAPS) on a
water bottle to facilitate unobtrusive vital sign monitoring. The primary objective of this

study is to determine whether or not this developed sensor provides reliable monitoring in
a real-world environment with a diverse group of users.

1.1.1

Physiological Monitoring
Continuous physiological monitoring is of utmost importance for people who

need long-term monitoring such as patients with chronic diseases, elderly patients, and
for those who are interested in personal wellness. The physical activity of users may
provide very important information for a caregiver, and physiological monitoring is also
very important in military applications [4], [5]. Aging in place is increasingly used to
maintain independence while growing older and experiencing new health and living
challenges. Technology can allow users to stay in their own homes longer and
significantly improve their objective and subjective quality of life.
Currently, 90% of those over the age of 75 have a chronic medical condition, and
20% have a chronic illness [6]. According to Medicare and Medicaid Services, 83% of
elderly over age 85 have multiple chronic ailments [7]. By 2050, the number of people
over 60 globally will double compared to what they are today [7]. It is important that
patients in these categories can remain in their homes as long as possible. When
comparing nursing home patients to those aging in place with community support, those
at home had better cognitive abilities, lower depression, needed less assistance, and had
less incontinence [7]. Aging in place, as enabled by technological support, provides cost
savings and is preferred to institutional care [8].
Concerns with this type of technology include the tradeoff of privacy for
convenience, usability for non-technology natives, the burden on themselves and others
to use this technology, the aesthetics of using this technology, and the effectiveness of the
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technology itself [8]. Some of the most common aging in place interventions include
home modifications and assistive technologies [9]. These technologies must allow for
preventative interventions and quickly determine whether chronic conditions are
aggravated and determine whether emergency services are needed [7]. Smart home
technologies such as those which track gait changes, access to medication, and access to a
refrigerator can provide important monitoring capabilities [7]. Aging in place
technologies need to monitor hypertension, diabetes, pulmonary disease, and other
conditions in order to provide interventions [7].
A new paradigm of healthcare is emerging called P4 that stands for Predictive,
Preventive, Personalized, and Participatory [10] [11]. The Institute for Systems Biology
started a massive multi-year study that includes continuous monitoring of vital signs,
genome, gut microbiome, metabolomics, nutritional profile, activity, and lifestyle data
[11]. This study is intended to use big data to understand the causes of health and disease
[11]. This type of healthcare can help people be proactive about their health and remain
as healthy as possible into old age, reducing the need to move from their homes.
In order to facilitate technologies for use in P4 medicine and aging in place, it is
important to understand biological signals that can be used for health monitoring. The
most frequently used signals of interest in many applications include electrocardiogram
(ECG), photoplethysmogram (PPG), electroencephalogram (EEG), heart sounds
(phonocardiograph), galvanic skin response (GSR), and electromyogram (EMG). The
most important physiological parameters extracted from those signals are heart rate and
heart rate variability (from ECG and PPG), perspiration (from GSR), blood pressure, skin
and body temperature, blood oxygen saturation (SpO2 from PPG), blood glucose, and
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body movements [12]. Heart rate variability (HRV) provides significant insights into
autonomous nervous system and indicators of stress and fatigue [13]. HRV uses interbeat intervals (IBI), the time intervals between heart beats, which can be extracted
through the use of an ECG and/or PPG. For example, a combination of an ECG and a
camera was used to monitor the fatigue of a driver [13]. In a simulated military combat
situation, monitoring heart rate, oxygen saturation, electrodermal activity (EDA), EMG,
and respiration, it has been shown that solider stress can be determined [5].
Monitoring of heart activity is of particular interest for most applications. In 2008,
30% of all deaths were directly related to cardiovascular complications [14]. Ubiquitous
and non-invasive methods of heart monitoring is crucial for high-risk individuals.
Physiological monitoring embedded in objects of everyday use may provide massive data
sets necessary for analysis of conditions and patterns and longitudinal monitoring during
daily activities.

1.1.2

Telemonitoring
Technologies for monitoring chronic patients can help detect heart failure

exacerbations, can determine frailty using accelerometers, and can detect dementia
symptoms such as agitation, aggression, sleep problems, and wandering [7]. The
technologies used for this type of monitoring can have many different names such as ehealth, gerontechnology, telemonitoring, smart home, assistive technology, and robotics.
An emerging method of treating patients with chronic ailments is through
telerehabilitation. Typically, rehabilitation takes place at a clinic, but has poor adherence,
high relapse, and is expensive [15]. Telemonitoring, in the case of monitoring chronic
heart failure patients, can be accomplished with telephone interactive voice response,
17

telephone self-reporting of weight, blood pressure, heart rate, and ECG [16]. This is a
relatively “low tech” version of telemonitoring, but allows patients to remain in their
homes. More advanced wireless technologies use cellphone networks, wireless local area
networks (WLAN), and satellites [17].
To employ more advanced telemedicine system, remote sensing of physiological
metrics is crucial. An advanced data gathering system was proposed in 2005, which uses
conductive and piezo resistive yarns within a garment to connect sensors, connection, and
electrodes [18]. Other research has experimented with personal systems that measure
blood pressure, SpO2, and ECG [19].
Remote sensing involves data acquisition using sensors, transmission of data to a
clinician, integration of data with existing medical records and synthesis of action or
response [20]. There are now companies with products that provide complete solutions
for the entire telemedicine process. An example is VISICU; a company which has over
30 remote intensive care unit (ICU) programs [20]. Another example is The Caretaker,
developed by Caretaker Medical. This is a wireless monitor which uses a finger cuff to
measure continuous blood pressure, heart rate, respiration rate, SpO2, temperature, and
arterial stiffness [21]. The Caretaker is also HIPPA-compliant and can transmit data to a
clinician using an Android app [21].

1.1.3

New Opportunities in Remote Monitoring and Personal Sensors
Remote monitoring of a patient’s temperature, heart rate, and movement has the

potential to reduce costs for patient care; especially in highly populated places where
patients can be monitored at home after medical procedures are performed [22]. There is
a need for smaller sensors, which use less power and have added layers of abstraction
18

from the user’s perspective. As a result, new generations of sensors exhibit shrinking
sensor sizes and power consumption. Along with this trend, small devices are also
becoming more connected and ubiquitous. An example of this is the development of the
mobile platform LiveNet, which allows users to get immediate health metric feedback by
utilizing PDAs with custom sensors and a data acquisition hub [23].
On the commercial side, wearable sensors are becoming a huge industry with
players such as Apple, Samsung, Fitbit, and Microsoft. These devices are capable of
recording heart rate information and are typically packed in a watch-like wrist strap [24].
In most cases, they emulate a traditional wrist watch to make the user more comfortable
with the way they are viewed by others and to conform to social norms. However, these
products are becoming more socially acceptable due to their now widespread use. During
2016, Apple sold an estimated 11.9 million Apple Watches taking 49% of the smartwatch
market share [25]. Fitbit and Samsung followed Apple with 17% and 15% market shares
respectively [25]. Other notable contenders in this market are Jawbone and Huawei [26].
Two examples of this type of personal wearable health monitoring are the Apple
Watch and the Fitbit Charge HR. These devices are worn on the wrist and provide
services that collect different types of data including steps, self-recorded caloric intake,
sleep quality and duration, and heart-rate information to present the user with a complete
view of their fitness level. The user can use this information to improve their lives
through incremental changes in their physical activity and sleep.
Some health monitoring companies such as Omron have developed unobtrusive
blood pressure monitors intended for everyday use. Currently under development is the
Omron Project Zero 2.0 shown in Figure 1.1, which is meant to be completely
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unobtrusive and mimic a traditional wrist watch [27]. The Omron Heartvue, a similar
product, is expected to be released in the summer of 2017. It is a larger and slightly more
obtrusive version of the Project Zero 2.0 which is awaiting FDA clearance and does not
yet have a release date [27].

Figure 1.1 Omron Project Zero [27]

Adoption of smart watches and sensors depends on centralized repositories of
collected data that are provided by device manufacturers. Typical examples include
Microsoft HealthVault which allows businesses to store personal health information [28],
Apple Health which works on Apple devices to monitor users’ vital signs [29], and
services provided by Fitbit [30]. The devices associated with these services all
automatically record data to be analyzed. Some of these devices even automatically
recognize activities that can be associated with more accurate calorie burn information.
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1.1.4

IoT and Data Mining
The most promising areas for improving telemedicine and aging in place

technologies are the Internet of Things (IoT) and data mining. Integration of widely used
sensors with signal processing and data mining can be seen in communities such as
Quantified Self (QS) [31]. The QS presents case studies of individuals who personally
track physiological and behavioral information and share their experiences [2]. Many of
the large players in the tech industry are providing hardware and services to gather, store,
and analyze this data [2]. Of particular interest is the collection of heart rate and blood
oxygen data by using photoplethysmograph (PPG) data from products such as the Apple
Watch and Fitbit [24]. Combining this type of service with advanced data mining
techniques and machine learning can provide very powerful personalized data analysis
and insights [31], [32].
An example of an advanced system capable of data mining is IBM’s Watson, a
computer system based on natural language understanding which answers questions
based on advanced analytics [33]. Watson become famous to the public when it beat
experts on the show “Jeopardy” in 2011 [33]. A huge advantage of Watson is the
availability of API’s for data mining purposes. It even has a focus area of healthcare [34].
Watson utilizes what IBM calls the DeepQA software made up of multiple stages of
analysis to answer questions [33]. Lately, health care providers have shown interest in
data mining for the purposes of prediction, anomaly detection, and diagnosis [35].
The Internet of Things (IoT) can be described as way of connecting objects that
we interact with on a daily basis to a network. IoT has the potential to enrich our lives in
numerous ways. Examples of domains in which IoT devices can play a role are

21

transportation, industry, school, vehicles, smart homes, agriculture, and healthcare [36].
IoT devices collect environmental data that can be processed locally, or in the cloud.
They can be connected to other devices or services to expand their usefulness and
compatibility. In 2015, it was predicted that by 2020, 212 billion IoT devices will exist
globally and consume up to 45% of internet traffic [36]. In the field of Healthcare
Internet of Things (HIoT), the market could be worth $117 billion by 2020 and integrate
26 billion devices [37]. There are many competing standards in the areas of sensors,
protocols (such as ZigBee and Z-wave), data storage, and Graphical User Interfaces
(GUI) [36]. This is a massive industry that is still in its infancy with plenty of room for
exploration.
Many projects integrate vital sign monitoring into wearable devices [38]–[40]. As
an example, a project referred to as Pulse-Glasses was created in 2015 [41]. This
research, while resembling the research of this thesis, focuses on IoT and the Body
Sensor Network (BSN). This project created a pair of sunglasses with an embedded PPG
sensor on the nose above the angular artery. They chose the nose as the data acquisition
location due to the lack of motion in this area. The authors acknowledge that body
movement greatly affects the quality of PPG signal that you can record. This device
integrates an ATmega32U4 8-bit microcontroller which runs at 16 MHz [42], and a
Bluetooth Low Energy (BLE) chip. Pulse-Glasses also use the Pulse Sensor, a relatively
large reflective analog PPG sensor. The Pulse-Glasses use an Android phone to get data
to the cloud. The phone is also used for GPS-based location.
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1.2

Advanced Sensors

With the miniaturization of silicon transistor-based technology, there has arisen a
new generation of small and embedded sensors that can be utilized in everyday objects
for IoT and QS. The revolution started with advancements in Microelectromechanical
Systems (MEMS) sensors. Smartphones now have a plethora of embedded sensors,
including inertial sensors, gyroscopes, magnetometers, barometers, cameras, GPS,
fingerprint sensors, microphones, and others.
Sensors often integrate actuators, signal conditioning, data acquisition and
processing. As an example, tiny digital microphones now contain all of the needed
components for an audio signal chain [43]. Analog Front Ends (AFE) integrate complete
circuitry that conditions analog signals with analog-to-digital converters. A signal is
conditioned and filtered with the use of amplifiers and filters [44].
Of importance to this thesis, we are seeing similar abstraction in regards to PPGs
and physiological sensors, as shown by the MAX30100, which integrates light
stimulation, sensing, and processing. Integrated sensors facilitate a miniature intelligent
sensor that is the focus of this thesis and is discussed through the following chapters.

1.2.1

Capacitive to Digital Controllers
Sensing of capacitance is frequently used for implementation of user interfaces or

sensing of changes of chemical and environmental sensors. They allow for embedded
devices to have touch interfaces and touch sensitive buttons that provide an advanced
user interface. These touch sensors can provide IoT devices with alternative inputs to
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physical buttons. Capacitive input provides more advanced features such as sliders,
pressure sensitive buttons, and scrolling functions.
Capacitors are comprised of two conductive plates with a dielectric between them.
A difference in charge between the plates creates an electric field. In some applications,
capacitance is used to detect the proximity of users and objects. When an object is close
to the sensing capacitor, the capacitance changes, causing the current supplied to the
sensor to also change [45]. Generally, this type of capacitive sensor is referred to as a
proximity sensor and can consist of one or two plates [45]. Single plate systems use the
other object as the second plate, while two plate systems sense a changing electric field
when an object is close [45]. Touch panels and screens have very similar modes of
operation by using an array of capacitive nodes with capacitance-to-voltage converters
[46].
Widespread use of capacitive sensing motivated the development of integrated
controllers designed to convert a capacitive signal to a digital signal. These are referred to
as Capacitive-to-Digital Converters (CDCs). There are many discrete components
available for placement on custom printed circuit boards, such as controllers from Texas
Instruments

(FDC2212/FDC2114),

Analog

Devices

(AD7745/7746),

and

ON

Semiconductor (LC717A00AJ) [47]–[49]. The best performance CDC is the
AD7745/7746, a high resolution 24-bit CDC with an accuracy of ±4 fF [48]. The
difference between the AD7745 and the AD7746 is that the latter has two input channels
(which can be single-ended or differential) while the former has one. This device can be
accessed via an I2C interface.
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A number of microcontrollers feature integrated capacitive sensing on general
purpose Input/Output pins, without the need for external capacitive controllers. Typical
examples include the Cypress PSoC 4 [50]. The PSoC 4 features a development kit with a
capacitive interface and slider as a high level object that can be accessed via an
Application Programming Interface (API) [51].

1.2.2

Embedded IoT Development Platforms
IoT development platforms allow users to quickly begin prototyping and

development of embedded IoT sensors and devices. The most frequently used platforms
for IoT development include Raspberry Pi, Particles Photon, BeagleBone Black, and the
Intel Edison. Another IoT capable microcontroller is the Teensy, a member of the
Arduino family of controllers, the platform used in this thesis [52]. The Teensy platform
is described in Section 3.3.3. A common theme between different platforms include
microprocessors, the ability to connect sensors, and the ability to connect to wireless
networks including Bluetooth, IrDA, wiFi, Zigbee, RFID, NUWB, NFC, and others [53].

1.3

Thesis Objective: Physiological Monitoring Embedded in Smart Stuff

In this thesis, the concept of an embedded physiological monitoring sensor
embedded in everyday objects is proposed, developed, and tested. What sets this thesis
apart is its focus on IoT. TAPS represents a unique combination of touch sensing and
heart rate monitoring, which provides a unique perspective of user’s daily activities.
This thesis does not focus only on a heart rate detection algorithm. It blends this
data with other metrics that would be of interest to the user, such as the number of times
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the bottle is held throughout the day, the average length of time held, and the average
time between holds. This data is combined with heart rate, so that each time the user
holds the bottle, this pertinent health data is collected. There is no regard given to the
user’s activity. The user could be walking, standing, or sitting. That information could be
extracted from other sensors in the environment. For example, the main controller on the
water bottle contains a 3D accelerometer that can be used to detect type of activity, such
as walking.
By obtaining more than just heart rate data, the idea of gamification could come
into play to make the device more effective. The user would be inclined to improve their
own wellness metrics if the feedback was available, and a reward system was put into
place.

1.4

Thesis Outline

Chapter 2 provides survey of relevant physiological monitoring technologies. A
discussion of PPGs, ECGs, and other advanced sensors is given. Because PPGs are a
focus of this thesis, they are discussed in depth in this chapter.
Chapter 3 provides a discussion of the hardware and software developed in this
thesis. This includes TAPS as well as the embedded software, circuit board designs, and
3D model of the sensor enclosure with finger guide.
Chapter 4 discusses the experimental validation methods performed in this thesis.
The experimental design is discussed as well as the results including bottle usage
analysis, heart rate information, and usability of the collected data.
Chapter 5 presents discussion of results and future work.
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CHAPTER 2

2

PHYSIOLOGICAL MONITORING

Monitoring of vital signs is crucial for health monitoring applications. The most
frequently monitored vital sign is heart activity. There are a number of ways that heart
activity can be measured. Two popular methods include the electrocardiogram (ECG) and
photoplethysmogram (PPG). The following sections include discussions of the ECG and
PPG, ways to determine blood pressure (BP) from ECG and PPG, and integrated ECG
and PPG controllers.

2.1

ECG

An ECG is an electrical signal generated by the heart’s electrical activity [55].
ECG sensors use electrodes adhered to the user’s body in a minimum of two places.
Standard diagnostic procedures use a 12-lead ECG [55], [56]. Typical wearable
applications use only three electrodes: one on the left arm, one on the right arm, and a
reference electrode. Signals from left and right legs and arms correspond to the four heart
chambers: right atrium, left atrium, right ventricle, and left ventricle [57]. Because the
electrical signals can be picked up on the skin, probes can also be placed on the arms and
legs [58]. Electrical activity of the heart generates voltages on the order of microvolts and
produces a waveform as shown in Figure 2.1 [57].
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Figure 2.1 Morphology and Phases of the ECG Signal [57]

The P wave shows atrial depolarization which is the beginning of the heart beat
[58]. The QRS complex represents ventricular depolarization, and the T wave represents
ventricular repolarization [58].
Heart rate, the number of heart beats per minute, can be calculated from inter-beat
intervals, as time between two consecutive R peaks, as presented in Figure 2.2. Series of
inter-beat intervals, or RR intervals, represents Heart Rate Variability or HRV. The main
sources of variability of RR intervals are cardio respiratory coupling and control loop of
blood pressure control [59]. HRV analysis can provide important insights into the activity
of the autonomous nervous system.
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Figure 2.2 ECG Waveform (upper plot) and Inter-beat (RR) Intervals (lower plot) [60]

2.1.1

Analyzing the ECG
The ECG is very often used as a screening tool for cardiovascular health due to its

availability and ease of use [14]. An important metric that is measured using an ECG is
the QRS Complex which is crucial to detecting arrhythmia [61]. There have been various
methods over the years to measure the QRS complex in real-time including non-linear
transforms, digital filters, Hilbert transforms, and the Pan and Tompkins method [14],
[61].

2.2

The PPG

Photoplethysmography is commonly used in the medical world to measure pulse
and blood oxygen saturation. Blood oxygen saturation refers to the concentration of red

29

blood cells that are saturated with oxygen [62]. PPGs have been available for around the
past three decades with the idea being attributed to Takuo Aoyagi in Japan working for
Nihon Kohden Corporation [62]. Pulse Oximeters, which are a subset of PPGs, came out
of a need for non-invasive means of measure blood oxygenation. With around a 3%
measurement discrepancy in clinical settings, they quickly became the standard in
hospital settings. Sensors are typically implemented as finger clips with wired or wireless
connection to a monitoring system. They are low cost, simple to use, and non-invasive,
making them a desirable way to obtain physiological data [63], [64].
Pulse Oximeters measure blood oxygen saturation that is critical for monitoring
several conditions, such as Chronic Obstructive Pulmonary Disease (COPD). The World
Health Organization (WHO) states that COPD is the third leading cause of death globally
[65]. Blood oxygen saturation is an important health metric for monitoring COPD, and
PPGs can be used to monitor this condition [65]. Pulse Oximeters also exist in many
other settings. They reside in smartwatches and other personal monitoring devices.
Because of their widespread and accepted use, they are quickly gaining traction in QS
and IoT. This thesis explores feasibility of PPG in objects of everyday use.

2.2.1

Pulse Oximeter Theory of Operation
Understanding the pulse oximeter starts with understanding ventilation, which is

the process of moving air in and out of the lungs utilizing both the circulatory and
respiratory system. During gas exchange through the process of diffusion in the lungs,
blood is oxygenated and distributed to oxygen-depleted areas of the body where carbon
dioxide replaces the oxygen in the blood. The brain controls cardiac output to control the
oxygenation rate [62].
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The heart pumps oxygenated blood into the circulatory system via the left atrium
entrance, through the left ventricle, and into arteries throughout the body. Deoxygenated
blood is pumped to the lungs through the right ventricle [62]. Oxygen does not diffuse
until blood reaches capillaries, even if it passes through oxygen-depleted areas [62].
A pulse oximeter works by emitting light of two different wavelengths onto the
skin of a finger or earlobe. The wavelengths of light are 660 nm (red) and 940 nm
(infrared). For currently produced PPGs, the light source is likely to be provided by
LEDs. The red and infrared wavelengths are needed since oxygenated hemoglobin and
deoxygenated hemoglobin absorb the light at these wavelengths at different rates [62].
The pulsing of the blood results in a pulsing change in the rate of absorption of these two
wavelengths of light [62]. That resulting signal can be used to determine blood oxygen
saturation and to detect heart rate.

2.2.2

Pulse Oximeter Mechanics
A photodiode receives the light from the LEDs and ambient light. It uses the

ambient light to remove a baseline of light from its red and IR readings. The amount of
received light changes as blood pulsates with each heart beat and blood oxygen
saturation.
Two types of pulse oximeters are shown in Figure 2.3 transmissive and reflective.
The MAX30100 is reflective because the LEDs and photodiode are located next to each
other, and the light is reflected off finger tissue. A transmissive oximeter places the LEDs
on one side of a finger with the photodiode on the other side [62].
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Figure 2.3 Two Types of Pulse Oximeters, Transmissive on left, Reflective on right [40]

In order to process the signal, the current produced by the light on the photodiode
is amplified, filtered to remove interference and noise, and digitized in an analog-todigital converter for use in computer systems [62]. The MAX30100 has all of this
circuitry built-in. The MAX30100 is a complete solution to measuring heart rate and
blood oxygen. It is fully configurable via software registers. The red and IR data is stored
internally in a 16-bit FIFO which can be accessed via the I2C interface.

2.2.3

Analyzing the PPG
The morphology of the PPG signal provides several parameters that can be used

in different applications. The signal can be analyzed in real-time. Many studies, including
this thesis, use MATLAB or similar post-processing methods to show the viability or
consistency of an analysis method before implementing a real-time system.
The Peak-to-Peak interval is the difference between consecutive systolic peaks.
Arterial stiffness can be estimated based on the distance between the systolic and
diastolic peaks and this metric often increases with age. For reference, an annoted PPG
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signal is shown in Figure 2.4. The relative PPG Amplitude in the context of this thesis
represents the value read directly by the MAX30100 sensor.

Relative PPG Amplitude
(Pulse Height)

Inter-Beat Interval (IBI) \

Pulse Width

Figure 2.4 PPG Annotated Diagram

2.2.3.1 Wavelet Decomposition
In 2008, Prakash et al. performed a study to test the performance of wavelets for
finding the best signal to determine signals peaks and dichotic notch taken from a PPG
signal. This is a very relevant study to those interested in evaluating a PPG signal. The
PPG used in this study was BioPac’s MP-150 and the signal was taken on the index
finger of 120 participants [66]. The wavelet decomposition method used in this study is
the Daubechies 8 since it is similar to the PPG complex [66]. MATLAB was used to
decompose the signal and determine heart beats. Wavelets D3, D4, and D5 were used to
determine heart beats. By comparing the algorithm counts with manual counts, the
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percentage of correctly detected beats was 91.28%. This method was found to be
effective since it removes high frequency noise.

2.2.3.2 First and Second Derivatives of PPG Signal
The first and second derivatives of a PPG signal are often used to facilitate feature
detection [63]. There are some preprocessing steps that must be taken before taking a
derivative of a PPG signal. Power-line interference can have an effect, although some
sensors take this into account [54], [63]. Figure 2.5 represents the spectrum form a signal
from the Maxim 30100 PPG sensor which uses built-in filters to remove 50/60 Hz noise
[54]. Figure 2.5 shows just how resilient the MAX30100 is to 50/60 Hz noise. There can
be a baseline drift due to temperature changes, movement, or some other function of the
signal amplifiers [63]. An example of baseline drift is shown in Figure 2.6. Another
challenge to processing PPG signals includes premature ventricular contraction, which
often shows up as a missed beat.
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Figure 2.6 PPG Baseline Drift and Signal Amplitude Variation from TAPS sensor

The first derivative of a PPG is useful when determining peak-to-peak time, while
the second derivative is an indicator of blood acceleration in the finger [63]. The artifacts
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of the second derivative can help determine arterial stiffness, vascular aging,
arteriosclerotic diseases, stress, and others [63], [67].

2.3

Blood Pressure Monitoring

There are a limited number of ways to measure blood pressure. Some of the more
common ways are ausculation, oscillometry, arterial tonometry, and volume clamping.
Ausculation is a non-invasive way to measure blood pressure. It is very accurate, but
takes only an instantaneous blood pressure. This method used to use mercury, but now
there are devices to use an electronic pressure gauge [68]. Oscillometry resembles the
auscultatory method due to its use of an arm cuff. It measures blood pressure by
measuring pressure during gradual deflation. Blood pressure is estimated based on an
algorithm. Both methods are not applicable for continuous monitoring throughout the day
and can not be used during physical activity [68].
Tonometry is another non-invasive method of measuring blood pressure. It uses a
small pressure sensor placed directly over the artery [69]. It does not work well with
movement, and would not be good for continuous use throughout the day. The important
metric, Pulse Wave Velocity (PWV), can be measured with this method [69]. PWV
measurement can indicate arterial stiffening [69]. It can also reveal cardiovascular risk
factors [70].
Volume clamping is a method of estimating blood pressure by using a PPG in
conjunction with a pressurized cuff placed on the finger [71]. A very rapid servo will
attempt to keep the blood volume in the finger constant. It achieves this by monitoring
the PPG as feedback. The blood volume is held constant when the PPG signal is kept
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constant. This method tends to provide measurements that are a little low [71]. This is a
non-invasive method to provide real-time arterial blood pressure. It is, however, a
cumbersome system, and not a seamless way to gather blood pressure data. It does have
the advantage of being non-invasive, but would not be practical for continuous use
throughout the day.

2.3.1

Assessment of Blood Pressure using PPG
The need for unobtrusive, wearable, and continuous blood pressure monitoring

has inspired many research projects with innovative sensing and signal processing
concepts. The PPG signal provides features with the potential to provide an accurate and
non-invasive method to measure blood pressure, but there are no products yet on the
market. The most promising methods include analysis of PWV and Pulse Transit Time
(PTT).
PWV is defined as a metric that can be obtained using multiple PPGs and can be
used to estimate Arterial Blood Pressure (ABP) [72]. The latency between two PPG pulse
waves and the distance between sensors determine the PWV for each heart beat. In the
case when both PPG and ECG are available, the PTT is defined as the time difference
between the ECG and the PPG signal [73]. Figure 1.1 shows the use of PTT to assess
blood pressure in a watch form-factor. PTT has a fundamental limitation because of a
variable pre-ejection time that depends on the contractibility of the heart muscle. PTT
also lacks accuracy in the low frequency oscillations of blood pressure, but there is
ongoing work to improve the accuracy of measurements [74].
Current research in non-invasive measurement of blood pressure also involves
techniques that are unrelated to the PPG [75]. In 2013, Tse-Yi Tu at National Chiao Tung
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University in Taiwan proposed the use of a strain sensor to estimate blood pressure. The
sensor produces a signal which resembles a PPG. The sensor vibrates in reaction to the
artery it is placed above. Tu developed equations to detect minima and maxima of the
heart rate signal and blood pressure based on PTT. In the results, a waveform is shown
where the minima, maxima, and dichotic notch are clearly visible.
At the end of 2016, a paper was published in the IEEE Journal of Solid-State
Circuits which is a very thorough study involving the use of two PPGs, an ECG, a bioimpedance (BIO-Z) sensor, and a galvanic skin response (GSR) sensor [76]. A main goal
of their physiological monitoring device design was to focus on low power consumption,
and they did achieve an amazing ~1 mW for the entire system. With expanded software
and wireless/database capabilities, this concept would be applicable for IoT applications.
However, it seems that most research either focuses on IoT and the quantified self, or the
data acquisition and analysis, i.e. extracting blood pressure from PPG data as was done in
this paper. The authors make an important observation about PPGs. It is very difficult to
find a universal PPG placement [76]. They also discuss their solution of LED current
adaptation based on skin color. They allow the output current to increase in 5 mA steps to
account for personal differences. A similar approach could have taken place in this thesis
and is left for future work. A suggested method is discussed in Section 3.4.1 and involves
a one-time calibration to optimize LED current for an individual user.

2.4

Advanced Physiological Sensors

There are other innovative ways of gathering heart rate data. One approach is a
device made up of a strain sensor, a concert plate which provides a stable measurement,
38

and gel placed directly over an artery [75]. Another approach is using a peizoresistive
material patch [77]. Both of these approaches have an end goal of measuring blood
pressure, but heart rate is a measure that could easily come out of each approach since
PTT is the measurement of choice for wearable measurements of blood pressure.
Another interesting approach to measuring heart rate is using phonocardiography
(PCG). In 2016, an Iranian team created a device using phonocardiography which was
wireless and relatively unobtrusive [78]. The device looks very much like a stethoscope
with an embedded capacitive microphone, a wireless RF transmitter, and a battery. They
were able to measure heart rate and respiration rate. The ratio of these values can provide
insight into the health of the cardiorespiratory system [78]. Phonocardiography would not
be a good choice for this thesis due to its placement requirements on the chest near the
heart.
A less invasive PCG approach was proposed a year earlier in 2015 [11]. This
approach used a smartphone microphone to measure heart rate and heart rate variability.
It is required, however, that the user of the device place the device on their chest which
requires the user to perform a specific action. In this thesis, it is desired that the only
unique action that must be taken is to grip TAPS while placing their finger in a guide that
is discussed in Section 3.8.
G-putty is another advanced sensor that has huge implications for the future of
physiological monitoring. This putty is comprised of silly putty with embedded graphene
nanosheets [79]. With the putty connected to electrodes and placed on the skin near a
carotid artery on the neck, the resistance change of the G-putty was enough to measure
pulse. In fact, G-putty is sensitive enough to measure blood pressure [79]. Laser-Scribed
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Graphene (LSG) is a material that can be used in e-skin type applications [80]. This type
of material is capable of measuring wide ranges of pressure which is necessary in this
type of application [80]. All of the advanced sensors and innovative projects provide
inspiration for the future IoT physiological monitoring systems.
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CHAPTER 3

3

SMART STUFF VITAL SIGN MONITORING

There is currently a great opportunity to embed low-power, tiny, biometric
sensors in everyday devices such as gloves, doorknobs, keyboard keys or wrist rests, car
steering wheels, and toothbrushes. Anything that is touched more than a few seconds may
work to gather biometric data for the user and deliver data automatically to a personal
medical record on a remote server. In this thesis, we further developed a smart PPG
sensor, TAPS, for vital sign monitoring which has the capability to be embedded in
everyday objects.
Initially, a sensor integrated with the water bottle must be developed to gather
heart rate data. We called the sensor the Touch and Pulse Sensor (TAPS). TAPS was
developed with the intention to be embedded in everyday devices. Because TAPS is
intended to be used as an IoT device, there are several requirements that must be met.


Low Power Consumption (more than one full day of battery life)



Small Physical Footprint (under 1” x 1”)



Touch Sensitivity (must be able to enter low power mode when not touched)



PPG Sensing (provides vital sign monitoring)
In order to meet these requirements, TAPS combines a PPG with a custom

capacitive sensor. The main controller uses this capacitive sensor to activate the PPG
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when touched and deactivates the PPG when the sensor is not in contact with a finger.
The proposed approach significantly reduces total power consumption due to the low
duty cycle of typical IoT objects that we plan to use. The PPG chosen for this sensor is
the MAX30100.

3.1

Maxim MAX30100 PPG

This PPG includes integrated LEDs, an optical sensor, signal conditioning
circuitry, AD conversion, and processing. The controller is 5.6mm x 2.8mm x 1.2mm in
size. It communicates using the I2C protocol, which makes it very versatile [54]. This
sensor family, the MAX3010X, provides an excellent signal when applied to the fingertip
and has a maximum sampling rate of 1 KHz. This sensor represents a major advancement
in small and embedded PPG usage. Due to its inclusion of all required analog electronics,
all that is required for use is an I2C connection, a 3.3V source and a 1.8V source. It is a
complete PPG system that can be used with minimal circuitry design. The package is tiny
and draws very low shutdown current (0.7uA) which lends itself to use in embedded IoT
devices. It includes both a red and IR LED to measure both a PPG signal and SpO2
signal.

3.2

Smart Stuff Touch And Pulse Sensor (TAPS)

Our research goal was to create a new kind of embedded physiological sensor for
IoT devices. In 2016, we presented a paper at the Engineering in Medicine and Biology
Society (EMBC) conference [2]. The project was inspired by the advancement of agingin-place technology, the growing ubiquity of IoT, and the accessibility and advancement
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of QS sensors that produce data that can be used for data mining. Smart Stuff acts as a
stepping stone to realizing the potential of embedded physiological monitoring in objects
of everyday use. An example of the PPG signal is shown in Figure 3.1, which represents
a user’s heartbeat from data collected by Smart Stuff demonstrates quality of the acquired
signal.
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Figure 3.1 PPG Signal Obtained from TAPS on Smart Stuff [2]

The objective of our preliminary experiments was assessment of the quality of
PPG signal collected from TAPS installed on a water bottle. Standard PPG sensors use a
clip to maintain constant contact and pressure with the finger. However, TAPS is located
on the object (i.e. water bottle) and does not control finger position and pressure. Our
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preliminary analysis investigated physical characteristics of the PPG signal collected
from TAPS.
We realized that we can assess pressure using the capacitive sensor placed around
the PPG sensor. Higher finger pressure increases capacitance of the sensor. The
relationship between capacitance and PPG signal quality as a function of the finger
pressure and PPG signal quality, is shown in Figure 3.2. This research provided valuable
data relating finger pressure to signal quality. For testing, TAPS was attached to a
connected water bottle [2]. The results show that with a natural grip, the PPG signal can
achieve very good magnitude, which has implications for signal quality and is expanded
upon in Chapter 4 [2]. The relationship between signal quality and finger pressure also
shows that there is a clear limitation of the ability for TAPS to obtain a high amplitude
signal. If there is either too much or not enough pressure, then a poor signal is recorded
that may not contain a signal with a high enough signal-to-noise ratio (SNR) to reliably
extract vital signs. TAPS utilized the ability to save battery life by putting the device into
low power mode during times when the sensor was not being used.
Figure 3.2 represents the relationship between finger pressure and PPG signal
quality, as represented with the fitted curve. Understanding the challenges of getting high
quality data is crucial to understanding the results in Chapter 4. As discussed in Section
2.2, most PPGs in clinical settings employ a clamping mechanism to provide constant
pressure to the patient’s skin. TAPS relies on the user applying relatively constant
pressure. Variable pressure has dramatic influence on signal quality, as presented in
Figure 3.2. The measured data represents PPG amplitude as a function of the capacitance
of the touch sensor at the time a specific amplitude was measured. The capacitance
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changes based on finger pressure. If there is not enough finger pressure or if there is too
much pressure, then the relative PPG amplitude will be low. There is a range of pressure
where the relative PPG amplitude is maximized, as represented in Figure 3.2.
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Figure 3.2 PPG Amplitude vs. Capacitance on Smart Stuff [2]

3.3

System Architecture and Sensor Design

TAPS was designed as a versatile sensor to be placed anywhere. This means that
the smallest footprint possible was used while still including all possible connections to
the outside world. It could be connected to any microcontroller, FPGA, or DSP with an
I2C connection and a CDC as discussed in Section 1.2.1. The sensor architecture is
shown in Figure 3.3.
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Figure 3.3 TAPS Setup Architecture

It is import to note that this configuration keeps TAPS separate from the
computing platform. The computing platform contains all of the logic for reading the
PPG and capacitive sensor. TAPS only includes the hardware necessary to gather this
data. Not shown in this high-level architecture are the 3.3 V to 1.8 V regulators, required
by the MAX30100.

3.3.1

Sensor Implementation Ver. 1
An initial prototype was implemented on a breadboard. Wires were soldered

directly to the MAX30100 device and a 3.3 V converter was pieced together using
available parts. This proved to be tedious due to the small footprint of the sensor (10
SMT pins in a 2x6 mm case). The device was able to be soldered, but would not operate
(possibly due to a cold solder joint or overheating the device when soldering directly to
the pads).
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Due to the physical dimensions of the board and soldering difficulty, a custom
circuit board was designed to allow for improved usability. This circuit board has an
input of 3.3 V and includes the required 3.3 V to 1.8 V regulators. The MAX30100 uses
3.3 V to power the IR and red LEDs, and 1.8 V to power the internal logic.
The schematic diagram of the sensor is shown in Figure 3.4.
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Figure 3.4 TAPS Ver. 1 Schematic
It is important to notice in this design that an 8-pin header with 0.1” pitch was
selected as the main connection to the outside world. Originally, this connector was
chosen for easy development. By including a sizable and standard header, it could easily
be stacked onto a motherboard or a breadboard. Extra high gauge wires can also be
soldered directly to the pads of this connector and used for debugging.
The capacitive sensor is implemented as custom designed traces on the PCB with
connection to the header. There are no active electronics on this board to measure the
capacitance, since the CDC is located on the main microcontroller. Capacitance lines are
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50 mils wide with a spacing of 50 mils. This was not selected arbitrarily, but chosen
based on past experimentation to provide a good signal with clear touch threshold.
From the schematic, a Printed Circuit Board (PCB) was created which was
ordered and manufactured and with the components manually installed. The 2-D model
of this circuit board can be seen in Figure 3.5. The PPG is located directly in the middle
of the board. The 8-pin header is located at one long edge. The capacitance lines and PPG
are both located on the top of the PCB, while the voltage regulator and capacitors are
located on the bottom of the board. The board has two layers, which makes routing
difficult for such a small board, but reduces cost and complexity.

Figure 3.5 TAPS Ver. 1 Circuit Board Layout

Once the physical board was ordered, the parts were populated and tested. The
final assembly of the board is shown in Figure 3.6.
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Figure 3.6 Populated TAPS Ver. 1 Circuit Board Size Comparison

Experimental data used in Chapter 4 was gathered using this version of the board.
Software for the MAX30100 was already developed and in use during the time that
TAPS Ver. 2 was being developed, as discussed in the following section.

3.3.2

Sensor Implementation Ver. 2
During the course of experimentation with the water bottle, a new TAPS design

was created using an updated version of the Maxim family, the MAX30102. This new
sensor was not used during experimentation, but the board was designed with the use of
this new sensor in mind. The new board features a smaller size and improved
functionality. This new design significantly shrinks the board size and shortens the
capacitive traces. The new board outline creates contours around the capacitive traces to
create a sleeker and more compact design. A standard SMT connector was chosen in
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place of the general-purpose header. This allows the new board to be smaller and easier
to connect and assemble. This new connector utilizes a flat ribbon cable to connect to a
main computing board with a microcontroller capable of recording data from the PPG. A
new and smaller voltage regulator was also chosen to reduce overall size and complexity.
The new schematic is shown in Figure 3.7, and the 3-D model is shown in Figure 3.8 and
Figure 3.9.

Figure 3.7 TAPS Ver. 2 Schematic
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Figure 3.8 TAPS Ver. 2 Circuit Board Layout Top (3D Model)

Figure 3.9 TAPS Ver. 2 Circuit Board Layout Bottom (3D Model)

The Teensy microcontroller was selected as the main controller for TAPS.
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3.3.3

Teensy Controller
The Teensy, as shown in Figure 3.10, is a small microcontroller with an ARM

Cortex-M4 processor running at 96 MHz (overclocked) [52]. This microcontroller
supports 3.3 V output with 21 analog inputs and 12 touch sensing pins [52]. Also
supported are one USB connection, three serial connections, one SPI connection, two I2C
connections, one CAN Bus, and one I2S Audio connection [52].

Figure 3.10 Teensy 3.2 Microcontroller [81]

The Teensy is an important microcontroller due to its size, ease of use, numerous
connections, and software support. It is small enough to be used in demanding embedded
scenarios, and it uses the Arduino Integrated Development Environment (IDE). This in
turn, allows the use of many supported libraries that provide easy access and examples
for using timers, serial connections, I2C communication, and many other available
functions of the Teensy. The community support of Teensy is largely what makes it
special and easy to use. For years, it has been gaining ground in maker communities, and
is a good choice for fast-paced embedded software projects.
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Software

Software was developed both for the Teensy microcontroller and for post
processing in MATLAB. The software on the Teensy is embedded and is used to control
the MAX30100, process touch input data from the capacitive sensor on TAPS, and store
records on the SD card. The MATLAB software is used to parse the data recorded on the
SD card after all data is collected. This section covers the embedded software
development and post processing software development. Software is available in the
Appendix.

3.4.1

Embedded Software Development
The embedded software performs data acquisition, processing, and memory card

storage. We had to develop a custom driver for the MAX30100 PPG, since an open
source driver for MAX controller was not available. The Teensyduino software allows
the Teensy to be programmed via a USB connection to the PC running the Arudino IDE.
Arduino libraries support many commonly used functions necessary for system
implementation. All programs were written in C.
A subroutine was written to initialize the PPG. This subroutine was named
‘initialize_ppg’. It uses the ‘i2c_t3.h’ library to read and write data to the PPG. There is a
separate function called ‘writeRegister’ to improve usability and simplify the PPG
initialization. It is this function that queries the PPG for available data and retrieves it if
available. The following steps represent a summary of the PPG driver setup:


Reset the PPG to restore all default settings and clear the data FIFO



Configure the Red and IR LED current to 24 mA and 50 mA respectively
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Set the sampling rate to 1000 Hz and the ADC resolution to 13 bits



Enable the ‘ready’ interrupt. This could be used to know when FIFO data is
available



Set the FIFO write pointer, read pointer, and overflow counter to zero



Turn on the PPG
The maximum current for both the red and IR LEDs is 50 mA. The minimum is 0

mA, which would result in no collected data. These currents were chosen based on use by
myself only. The PPG and SpO2 signals were monitored using the UAH Serial
application, which is discussed in Section 3.4.1.2, and adjusted until the cleanest and
highest amplitude signal was observed. This process was performed in typical indoor
home lighting using my right ring finger. Based on experimentation with each finger, this
was determined to be the optimal current for capturing data. This process could be
improved by experimenting with different currents for multiple people on multiple
fingers. An auto-calibration routine could be developed to find the optimal current for the
LEDs using the following steps:


Place finger on sensor



Press calibration button (button available in current setup)



Record several seconds of data starting at the highest current and reducing
current as necessary.



Measure average amplitude of signal at each current (embedded software could
be adapted from MATLAB software)



Select optimal current for PPG and repeat process for SpO2
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On the MAX30100, there are thirteen registers that are either read only, or read
and write. Included on-board the MAX30100 is a sixteen element FIFO. This FIFO is
useful if the sampling frequency of the user-created software is slower than the sampling
frequency of the MAX30100. The sampling frequencies of the MAX30100 range from
100 Hz to 1 KHz. There are two ways to know when data is available on the FIFO. There
are both hardware and software interrupts. The software interrupt is a register, which
includes a ‘ready’ bit as well as a ‘full’ bit to let the user know when the FIFO is full. In
this thesis, neither was used. Instead, a high sampling frequency was used to check the
read and write pointers of the FIFO and manually determine when data was available.
Using this method, the interrupts were not required.

3.4.1.1 Software Organization
The pseudocode shown in this section summarizes how the driver was
implemented in embedded software. The full software is available in the Appendix. The
actual code was written in C in the Arduino IDE. The only extra header file that is needed
is ‘i2c_t3.h’ file. This file is used to set up the I2C serial communication link from the
Teensy to the PPG and is freely available as an Arduino library for serial I2C
communication.
The overall embedded software process revolves around the capacitive sensor of
TAPS. This sensor is used to detect touch and activate the PPG. Once the PPG is active,
one of two processes can occur. If a micro SD card is present, then the data will be stored
on the card for post processing. However, if no micro SD card is present, then the data
will be serially streamed to the micro USB port. For debugging, the latter is the preferred
option. The Teensy can be connected to a computer using the micro SD card and data can
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be gathered using the UAH serial application discussed in 3.4.1.2. The pseudocode
represents the entirety of the embedded software and is shown below with a flowchart
shown in Figure 3.11:


Setup:
Configure Teensy I/O. This includes serial ports and the micro SD card.
Initialize the I2C connection to the PPG.
Set timer interrupt used to read the PPG.



Timer ISR1:
Timer_flag = true



Main Loop:
IF (Timer_flag == true)
Read capacitance level
IF (capacitance level > threshold), then sensor has been touched
IF (PPG is on) then read PPG data and send to SD card.
IF there is no SD card, send through USB port.
ELSE IF (PPG is off) then initialize PPG using driver2
ELSE PPG enters low-power mode.

1

Timer goes off based on a user defined frequency. In this case, it is 1 KHz.

2

Driver in Appendix.
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Figure 3.11 Embedded Software Flowchart

In order to obtain data from the PPG sensor, the embedded software must be able
to read the FIFO on the MAX30100. The FIFO can hold a maximum of 16 samples of
both red and IR data. In order to determine whether data is available, the Teensy reads the
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FIFO read and write pointers. If data is available, then data should be collected in a loop.
Each sample consists of four one byte reads from the PPG for a total of four bytes. For
simplicity, the reading of the PPG is handled in a separate subroutine. Maxim provides
the pseudocode necessary to read the FIFO [54]. For this project, that pseudocode was
translated to C and is available in the Appendix.
The data stored on the micro SD card is in binary format. This is due to a
limitation of the write speed to the micro SD card. Ideally, all of the data would be stored
in ASCII format for easy import into Microsoft Excel, MATLAB, or another data
manipulation program. However, the maximum write speed to the SD card is 115200
baud. The data being transferred to the SD card include 12 bytes of data. These include
one header byte (0x55), four counter bytes, two IR bytes, two red bytes, two capacitance
bytes, and one checksum. The data stored on the SD card is shown in Table 3.1.
The sensor nominally operates at 1 kHz. Using the ASCII method, every character
is stored as one byte. If the total number of characters exceeds 15 (which it will easily
exceed), then the bandwidth is not adequate, as presented in (3.1).

𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ = 15 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 ∗ 8 𝑏𝑖𝑡𝑠 ∗ 1000 𝐻𝑧 = 120000 𝑏𝑖𝑡𝑠/𝑠𝑒𝑐

(3.1)

Using ASCII characters does not leave enough bandwidth for data storage, and
packets would be lost. Therefore, we had to store binary data on SD card. Using this
method, the total amount of data stored is shown in (3.2).

𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ = 12 𝐵𝑦𝑡𝑒𝑠 ∗ 8 𝑏𝑖𝑡𝑠/𝐵𝑦𝑡𝑒 ∗ 1000 𝐻𝑧 = 96000 𝑏𝑖𝑡𝑠/𝑠𝑒𝑐

58

(3.2)

The required bandwidth of 96,000 bits/second is very close to the maximum
possible speed of 115,200 bits/second, but provides sufficient safety margin. The need for
storing data in a binary format leads to the need for data extraction in MATLAB during
post processing discussed in Section 3.4.2.1.

Table 3.1 Format of Binary Data Packets stored on SD card

Header 0x55

Counter

IR

Red

Capacitance

Checksum

1 byte

4 bytes

2 bytes

2 bytes

2 bytes

1 byte

3.4.1.2 UAH Serial App
If a micro SD card is not present, then the data is serially transmitted directly to a
PC running proprietary UAH software [82]. This software has the ability to accept any
number of “channels” and is able to handle headers, checksums, and correct data errors.
It is able to save data in ASCII format, and it provides a digital oscilloscope that is used
for easy visualization of data for debugging purposes as shown in Figure 3.12.
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Figure 3.12 UAH Serial App User Interface

The serial app was used extensively during the MAX30100 driver development. It
was challenging to provide the correct values to every register available in the PPG, so in
order to achieve the highest sampling rate of 1 kHz, the serial app was used to collect
records until the driver worked properly.

3.4.2

Signal Processing
In the case of using a micro SD card, data is stored on the card and must be

examined on a PC using MATLAB. The data must be parsed and could contain errors.
Therefore, we developed a robust MATLAB function which can parse the data before
analysis.
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3.4.2.1 Data Parsing
The collected data needs to be imported and analyzed in MATLAB. Parsing the
data is accomplished by reading the entire contents of a file and going through it one byte
at a time. Before each set of data in the file, a header (single character 0x55) is used. The
parsing program must traverse the file looking for this header value. A checksum is also
included to ensure that any incorrect data is thrown out. The parsing routine will ensure
that only good data is saved for analysis. This parsing routine is provided in the
Appendix. As the data is parsed, it is stored in an array that can then be used for
processing.

3.4.2.2 Touch Acquisition
The first processing that occurs after parsing is to use capacitance to determine
when the bottle was held. This type of touch acquisition could happen in embedded
software, but capacitance filtering currently happens in post-processing with a MATLAB
routine. A threshold of capacitance is used in embedded software, but doesn’t filter out
accidental touches that are too short to gain adequate information. This could be a fingerto-sensor contact problem, or it could be an accidental touch.

3.4.2.3 Baseline Removal
The collected signal has a significant baseline drift, particularly at the beginning
of the contact with the sensors, as shown in Figure 2.6. The reason is probably change of
temperature during initial contact. Also, significant changes of pressure change the
baseline of the collected signal. Therefore, we remove the baseline by calculating the DC
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value in a two second window with one second overlap and interpolate the baseline
between windows.

3.4.2.4 Filtering
The collected PPG signal has a lot of noise. Therefore, a low pass filter must be
used to eliminate high frequency noise after elimination of the baseline. The cut-off
frequency of the low pass filter determines the quality of the signal. A higher cut-off
frequency preserves morphology of the PPG signal, but makes detection of heart beats
much harder. We found that a cut-off frequency of 15Hz represents the best trade-off in
our system. We use an FIR filter of length 256.

3.4.2.5 Data Analysis
For detection of heart beats we used MATLAB programs for ECG and PPG
analysis previously developed by Dr. Jovanov. These programs use a derivative of the
PPG signal to detect the maximum continuous decreasing slope in the range of
physiological pulse (~100ms) and assesses the noise threshold for each heart beat. The
peak height and noise threshold are then used to determine signal threshold in the next
cycle. The derivative of the signal is then used to detect the beginning and end of the
pulse for each heart beat.

3.4.2.6 Enabling Physiological Monitoring in Smart Stuff
Typical signals from the PPG sensor and capacitance sensor recorded from the
TAPS sensor are shown in Figure 3.13. This figure shows that PPG signal acquisition
begins with detection of touching using the capacitive sensor, as indicated on lower
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graph. The capacitance rises sharply when the sensor is touched, from 12 pF to more than
30 pF. The controller uses this information to power the PPG and to begin data sampling
and storage or transmission.
4
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Figure 3.13 PPG Signal (top) Activated by Capacitive Touch (bottom)

Optimization of the Sampling Frequency for Smart Stuff

For this project, it was important to acquire the best signal possible for analysis.
The best signal for this application is the one with the highest amplitude signal when used
on multiple fingers. All PPG sensors use a clip to maintain good contact with the finger
and constant pressure. In the case of this thesis, having a finger clip is not possible. We
rely on the user to put pressure on the sensor while they are holding the bottle. This
would also be the case for any other everyday object with an embedded TAPS module.
Due to this, we observe motion artifacts, poor signal quality, etc. To obtain the best
possible signal, a short experiment was run to determine the best sampling frequency.
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HRV analysis requires a minimum sampling frequency of 250Hz, according to
accepted standards of HRV analysis, and higher sampling frequencies are desirable [59].
We tested signal quality at sampling frequencies of 400Hz and 1,000Hz that are standard
frequencies supported by the PPG controller. The decision also introduces a tradeoff
between the frequency of sampling and the resolution of AD converter. When the sensor
is configured to read at 400 Hz, the ADC operates at 14-bit resolution. At 1 kHz, the
highest resolution available is 13-bit and also uses a shorter LED pulse width.
The test program uses both frequencies and records data back-to-back with the
same subject, with the same fingers, in the same configuration, and with the same finger
pressure. Three different fingers were tested on my right hand; pointer, middle, and ring.
Altogether, this provides six combinations. Data was collected using the settings as
described in the previous section, with the only differences being the samplings
frequency and, consequentially, the ADC resolution (14-bit for 400 Hz and 13-bit for
1000 KHz) [54]. Each experiment was performed in succession by keeping variables to a
minimum. Data was collected directly on a PC using the UAH Serial App. The data was
then imported into MATLAB to plot and evaluate. Figure 3.14 and Figure 3.15 represent
data taken back-to-back using the same finger and attempting the same finger pressure.
Overall, 1 kHz provides a very similar signal to 400 Hz. With such a close signal quality,
1 KHz was selected as the sampling frequency of choice because it affords more
processing capability for filtering and determining signal features due to the smaller
sampling interval of 1 ms.
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Figure 3.14 1kHz Signal Acquired on Teensy Using Right Ring Finger

Figure 3.15 400Hz Signal Acquired on Teensy Using Right Ring Finger

Combining PPG/HR with SpO2 to Improve Signal Quality

In order to even further improve signal quality, it is possible to combine the SpO2
and PPG signals to increase the signal amplitude and improve the signal to noise ratio.
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This is performed in software post-processing, but could be implemented in the
embedded processor for real-time processing. Figure 3.16 shows how these two signals
can be combined to improve overall amplitude for processing. The signals achieve much
greater amplitude when combined, resulting in a greater ability to extract useful feature
recognition when a derivative is taken.

Figure 3.16 Improvement of Signal Amplitude by Combining PPG and SpO2 Signals

Sensor Placement

Another discovery from these experiments is the best finger to use when
recording data. During these experiments, it was shown the ring and middle fingers
provide the cleanest and highest amplitude signals. A comparison of each of these fingers
is shown in Figure 3.17. Samples at both 1 kHz and 400 Hz were used, but Figure 3.17
shows data taken at 1 kHz.
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Figure 3.17 Finger Comparison of PPG Signals at 1 kHz

Finger Guide and TAPS Placement on Smart Stuff

A finger guide is necessary to add to the bottle for the best signal quality. A finger
guide also adds an intuitive target for where the finger should be placed. Based on the
experiment to find the best finger to gather pulse data, the finger guide and placement of
TAPS on the bottle needs to target the ring finger on a large hand. By targeting this finger
on a large hand, a smaller hand would likely use either the ring or middle finger
increasing the chances for a good signal.
The finger guide was initially crafted from Play-Doh. This material was chosen
because it is easy to mold and hardens to become very rigid and sturdy. We were able to
mold the Play-Doh around TAPS such that TAPS was held in place when the Play-Doh
67

dried. It is important to note that Play-Doh is conductive. Therefore, TAPS was wrapped
in electrical tape before applying the Play-Doh. The tape was then cut away to reveal the
capacitive sensor. The capacitive sensor could be sensed through the tape, but with a
limited dynamic range. With the tape removed only above the capacitive traces, higher
capacitance thresholds could be used for capacitance removing potential error due to
touching connecting wires and leads.
A 3D model of the new and sturdier version of a finger guide is shown in Figure
3.18 and Figure 3.19. This guide will allow TAPS to be embedded directly on a water
bottle. A clear and plastic water bottle with an air gap between the outer and inner wall
will be used with this new finger guide, allowing the cable to be completely hidden
within the bottle, unlike the version used during testing. This will allow TAPS to be
better integrated with the bottle and create a sleeker and better looking device.
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Figure 3.18 Finger Guide Top (3D model)
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Figure 3.19 Finger Guide Bottom (3D model)

Experimental Validation

The goal of this experiment is to determine the usability of the TAPS sensor when
placed on a water bottle. The experimental results are discussed in Chapter 4. A complete
view of the bottle with all of the electronics installed is shown in Figure 3.20.
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Figure 3.20 360˚ View of Water Bottle

The Bottle is outfitted with the Teensy and micro SD card reader on the same
prototyping board. To the right of the micro controller board is a battery attached to the
bottle with Velcro tape for easy removal and charging. The TAPS is placed lower on the
bottle where it is typically held for a more natural grip. A blue power cable can be
observed in Figure 3.20 which provides power to the entire system through the Teensy.

3.9.1

System Implementation
The TAPS sensor was attached to the side of a typical water bottle that resembles

a common Yeti container. As previously discussed the PPG placement was chosen based
on the natural position of the place one’s ring finger will normal fall when carrying the
bottle.
The microcontroller was attached to the bottle with easy access to the on-board
micro SD card, on which all of the data is stored. The built-in light on the Teensy is in
plain sight and is used to indicate to the user that their finger is placed on the PPG. The
SD card module lights up blue when data is being stored. This was used as in indicator
for the health of the SD card reader.
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Included on the bottle is TAPS, the Teensy 3.2 microcontroller, and a battery pack
that provides more than one day of use. All of these components can be seen in Figure
3.20. The thumb guide was added to help the user visualize where their thumb should be
placed in order for TAPS to be in the proper position. A ribbon cable is used to connect
TAPS to the microcontroller.
Originally, copper tape was placed over the ribbon cable to minimize capacitance
disturbances and false readings due to the wires being touched. However, the capacitive
threshold needed to detect a touch was high enough to be immune to wire touches. Even
if the wire briefly registered a touch, there is a three second rejection in our post
processing to reduce any hysteresis effects where TAPS is quickly turning on and off.
Because the bottle is made of conductive aluminum, insulating materials were
used to keep leads from shorting against the bottle. The microcontroller was placed such
that it faces the user for easy access to the feedback LED. On rainy days, a plastic bag
was

placed

around

the

bottle

to
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protect

it

from

moisture.

CHAPTER 4

4

ANALYSIS OF USE PATTERNS AND ROBUSTNESS OF
PHYSIOLOGICAL MONITORING EMBEDDED IN SMART
WATER BOTTLE

The prototype sensor was tested using 11 participants using the bottle with the
sensor for at least one day. Table 4.1 shows the diversity of participants used in this
study.

Table 4.1 Summary of Participants

Subject
101
102
103
104
105
106
107
108
109
110
111
Average
Count F:
Count M:

Age
57
57
78
27
33
63
30
27
27
46
58
45.73 ± 17.91
3
8

Gender
M
F
F
M
M
M
M
F
M
M
M

Some people have multiple days of data recorded, which we call multiple
sessions. The participants were instructed to power on the bottle in the morning and
power off the bottle at night. Some users left the bottle on for 24 hours before powering
off the bottle and then powering it on again for a new day.
Users received training before using the bottle. They were instructed on how to
hold the bottle and to use their right ring finger if possible. Otherwise, they were to use
the most comfortable holding position. They were shown the lights that are illuminated
when holding the bottle so that they can be sure to apply enough pressure. They were told
to use pressure typically required to hold the bottle. If they were to press too hard, then
we would see a degradation of signal quality, which was observed in earlier experiments.

Typical Use of the Bottle

Data typically looks the cleanest when users hold the bottle very still without
moving. For myself, I can even feel my pulse when pressed against the sensor. However,
the users were not instructed to remain still, but instead were told to use the bottle like
they would use any other water bottle. The only user feedback provided by the bottle is
an LED that illuminates when TAPS is touched. The users were told to hold with only
enough pressure to activate this LED, but were otherwise told to use the bottle normally.
Age of users ranged from their 20’s to their 70’s including both men and women.
The users were instructed to power on the bottle before beginning use in the morning, and
to power the bottle off after the use of the bottle is finished at the end of the day. This
powering on-and-off technique allows each day to be stored as a separate file on the
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micro SD card. Each of the users had drastically different uses for the bottle. Some of the
participants were heavy users of the bottle, while others used it only sparsely.

Data Analysis

An analysis of the data collected by the bottle can provide insight into how the
bottle was used and the percentage of usable heart rate data that can be extracted from the
PPG signals. The data is exported from MATLAB in a text file that can be imported
directly into Microsoft Excel for analysis. To best represent the results, the data is split
into four distinct categories:
1. Touch Events
2. Physiological Monitoring
3. PPG Data
4. Heart Rate Detection.
All of the data was reduced to the results provided in this section. The results are
represented in the form of tables, which can be easily understood. Metrics that are
included in every table are listed below:
 User ID: The number that represents a particular user from Table 4.1.
 Session ID: Represents a daily session. A session begins when the bottle is
powered on, and ends when the bottle is powered off. This typically represents a
day.
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4.2.1

Touch Events
Touch events occur on the bottle when it is held for longer than three seconds.

Data less than three seconds is not registered to avoid hysteresis that occurs when the
capacitive sensor is lightly touched. Touch events are activated by the capacitive sensor
on TAPS. By using the stored capacitive data, there is a set of data that can be extracted
by looking at the elapsed time on the Teensy. Because data is collected at 1 kHz, each
count during which TAPS is powered on represents 1 ms. By having this data available,
we can determine metrics such as the amount of time the bottle is held and the time
between bottle uses. All of the touch events are shown below:
 Number of Sequences: How many times the bottle was used during a session.
 Touch Duration: The average amount of time held each time it is used during a
session.
 Min Touch Length: The minimum touch duration during a session.
 Max Touch Length: The maximum touch duration during a session.
 Time Between Touches: The amount of time between touch events. This is time
where the bottle is likely not being held at all, but sitting stationary ready to be
used.
 Min Time Between Touches: The minimum time between touch events.


Max Time Between Touches: The maximum time between touch
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Table 4.2 Summary of Touch Events

User ID

Session
ID

Number
of Seq.

Touch Duration
[s]
Mean

SD

Min
Touch
Length
[s]

Time Between
Touches [min]

Max
Touch
Length
[s]

Mean

SD

Min Time
Between
Touches
[min]

Max Time
Between
Touches
[min]

1

16

28.93

25.40

5.66

95.47

34.02

40.65

0.06

153.48

4

12

42.73

41.49

10.26

161.05

51.51

37.80

1.49

142.51

3

6

12.28

9.08

5.20

29.89

20.20

37.39

0.33

95.51

6

19

32.75

39.29

4.45

124.15

24.37

43.25

0.07

172.70

2

8

67.95

57.70

5.92

167.32

77.31

47.21

0.08

161.01

5

16

30.60

23.67

3.08

71.34

37.66

48.87

0.08

128.76

7

4

10.19

7.46

3.15

20.69

23.29

32.91

0.11

60.96

8

10

15.37

11.22

6.29

57.07

37.92

62.90

0.65

252.31

9

17

72.06

80.75

4.80

287.50

34.29

58.46

0.08

168.68

10

14

7.95

7.02

3.63

31.69

28.70

43.45

0.70

149.40

11

12

5.45

1.41

3.62

8.96

41.78

44.20

0.39

113.99

107

12

27

28.78

33.30

3.2

147.67

15.32

25.81

0.06

105.07

108

13

36

17.27

26.36

4.3

158.52

20.33

51.17

0.12

227.91

14

29

53.07

56.62

3.48

190.79

25.28

36.91

0.10

122.76

15

10

24.05

16.42

5.11

51.54

75.63

133.08

0.09

402.05

110

16

11

51.57

59.00

5.45

184.56

26.07

53.39

0.09

176.84

111

17

13

94.25

92.23

5.71

281.94

23.47

32.91

0.15

113.92

Average

1.55

15.29

35.01

25.36

4.90

121.77

35.13

18.02

0.27

161.64

101

102

103

104
105
106

109

As noted in Table 4.2, the average number of sessions per user is 1.55. This
means that roughly half of the users had more than one session. Overall, the average
amount of time that a user holds the bottle during a touch event is 35 seconds with a
standard deviation of 25 seconds. The standard deviation is large, indicating that there is
a large variation of average holding times per user. Most users also show large variations
of holding times during a session. On average, the time between someone using the bottle
is 42 minutes with a standard deviation of 26 minutes. These indicators of bottle usage
tell us about the ways in which the average person uses a water bottle throughout the day.
It makes sense that a user would pick up the bottle for a short amount of time to drink, or
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to take the bottle with them from place to place. Then, there are periods of typically more
than half an hour where the bottle is not in use.

4.2.2

PPG Data

Along with touch events, TAPS records PPG data that can be summarized for each user
in Table 4.3. This data represents the raw data that is recorded an analyzed. The metrics
for this section include:


Number of Heart Beats Detected: The average number of heart beats that can be
detected during a touch event in a session.



PPG Amplitude: The average signal amplitude during a touch event in a session.



PPG Width: The average width, in milliseconds, between the beginning and end
of a heartbeat.
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Table 4.3 Summary of PPG Signal Metrics

Number of Heart
Beats Detected

PPG Amplitude

PPG Width [ms]

Mean

SD

Mean

SD

Mean

SD

1

36.81

34.29

752.85

236.90

117.37

23.64

4

54.67

68.39

771.30

310.54

110.00

43.76

3

6.83

11.39

409.92

246.83

157.31

93.59

6

42.63

66.04

581.42

357.29

118.70

33.31

2

26.13

47.63

275.28

180.66

112.69

33.44

5

10.63

13.89

241.48

133.79

125.38

49.66

7

7.00

8.29

676.95

528.16

118.49

34.83

8

15.21

15.93

795.99

451.12

106.80

27.23

9

80.94

115.40

462.72

186.95

116.32

15.91

10

2.21

2.49

238.96

219.59

106.12

77.19

11

1.75

0.87

204.23

167.05

95.85

49.77

107

12

21.42

26.41

637.28

615.98

130.01

61.85

108

13

28.25

53.63

618.76

351.80

94.02

11.01

14

79.38

98.22

691.07

393.67

110.37

17.10

15

33.70

30.91

797.29

562.24

105.38

14.66

110

16

25.91

32.79

418.22

222.17

113.31

26.91

111

17

108.62

112.13

439.72

138.36

130.19

20.65

Average

1.55

34.24

30.69

530.20

208.90

115.78

14.74

User ID

101

102

103

104
105
106

109

Session
ID

Taking all users into account, the average number of heart beats detected during a
touch session is 34 beats with a standard deviation of 31 beats. This is a very wide range
of detected beats. This is the case because of the highly varied bottle use as seen in
Section 4.2.1. Overall PPG amplitude is 530 with a standard deviation of 209 and overall
PPG width is 116 with a standard deviation of 15. These two metrics are less varied
because this is not a metric that the user can control. These metrics could be interpreted
as a measure of signal quality (higher is better), but this is not related to sensor efficacy.
A short amplitude could indicate a signal, but movement will likely have a bigger impact
on sensor efficacy than a smaller PPG amplitude.
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4.2.3

Physiological Monitoring
Physiological data can be extracted from the PPG signal. This data includes:



Number of Heart Beats Detected: The average number of heart beats that can be
detected during a touch event in a session. This is also included in Section 4.2.2.



R-R Average: Average time in milliseconds between heart beats. This is correlate
of average heart rate (HRave = 60,000 / RRave).



Root Mean Square Squared Difference (RMSSD): Analysis of heart rate
variability used to determine cardiac thermal control, blood pressure, and
respiratory activity. Missing data indicates lack of the sequence of consecutive
RR intervals necessary to calculate RMSSD.

80

Table 4.4 Summary of Physiological Monitoring

User ID

101

102

103

Session
ID

Number of Heart
Beats Detected

R-R ave [ms]

RMSSD [ms]

Number of
Inter-BeatIntervals
Detected

Mean

SD

Mean

SD

Mean

SD

Mean

SD

1

36.81

34.29

720.52

2439.24

86.74

15.91

35.00

33.46

4

54.67

68.39

637.75

82.99

90.82

15.91

52.08

67.80

3

6.83

11.39

451.81

90.23

139.86

90.23

4.00

9.32

6

42.63

66.04

656.86

127.14

122.41

46.66

39.84

65.32

2

26.13

47.63

782.71

238.48

782.71

124.78

16.75

37.46

5

10.63

13.89

817.66

196.27

104.49

10.29

5.63

9.51

7

7.00

8.29

604.77

30.10

217.83

91.39

5.75

7.63

8

15.21

15.93

665.05

74.62

161.63

12.36

13.11

15.16

9

80.94

115.40

636.29

56.54

163.12

34.39

71.24

109.61

10

2.21

2.49

651.10

143.48

0.50

0.76

11

1.75

0.87

677.67

262.12

0.25

0.45

107

12

21.42

26.41

659.61

116.60

200.70

25.90

15.42

21.21

108

13

28.25

53.63

551.45

116.36

122.88

7.49

26.78

53.65

14

79.38

98.22

574.75

101.78

111.52

18.01

75.14

95.90

104
105
106

109

15

33.70

30.91

588.14

124.59

112.31

22.14

31.20

30.00

110

16

25.91

32.79

731.02

68.27

218.09

69.73

15.09

25.39

111

17

108.62

112.13

650.60

79.30

119.01

5.17

95.15

100.76

Average

1.55

34.24

30.69

650.46

86.33

183.61

171.24

29.58

28.63

Table 4.4 provides information on the average R-R interval for all users. This
average is 650.46 ms, which is equivalent to an instantaneous heart rate of 92 bpm. This
heart rate is high, but this indicates the typical use of the bottle. It is likely that the bottle
was in use when the participant was standing or walking and carrying the bottle with
them.
In order to determine RMSSD, there must be two or more R-R intervals available
back to back. RMSSD is calculated using (4.1.)
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𝑅𝑀𝑆𝑆𝐷 = √∑

4.2.4

(𝑅𝑅𝑖+1 −𝑅𝑅𝑖 )2
𝑁−1

(4.1)

Heart Rate Detection
A major goal of this thesis is to determine the efficacy of TAPS when embedded

in an everyday object. This section will show how well the heart detection algorithm
works, as well as the efficacy of TAPS. The metrics shown in this section are:


Number of Heart Beats Detected: The average number of heart beats that can be
detected during a touch event in a session. This is also included in Section 4.2.2.



Time First Heart Beat: Amount of time, in seconds, it takes for the postprocessing algorithm to recognize a heartbeat starting at a touch event. This time
is lost when determining the amount of time during a touch event where heart
activity is detected.



Time Heart Beats Detected: Total time during a touch event when heart activity
can be reliably detected.



% of Time Heart Beat Detected: Percentage of time during a touch event when
heart activity can reliably be detected
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Table 4.5 Summary of Heart Rate Detection

User ID

101

102

103

Number of Heart
Beats Detected

Time First Heart
Beat [s]

Time Heart Beats
Detected [s]

Mean

SD

Mean

SD

Mean

SD

Mean

SD

1

36.81

34.29

1.22

0.88

26.63

23.91

85.00

6.43

4

54.67

68.39

2.06

2.72

37.08

43.75

69.22

27.52

3

6.83

11.39

1.65

0.42

6.13

8.11

21.60

25.55

6

42.63

66.04

1.57

1.97

30.09

40.13

59.75

35.36

2

26.13

47.63

0.93

0.68

15.82

29.56

11.85

16.64

5

10.63

13.89

1.71

2.11

8.09

8.93

16.40

12.15

Session ID

% Time Heart Beat
Detected

7

7.00

8.29

3.35

2.53

4.65

4.92

42.99

21.57

8

15.21

15.93

1.55

1.55

9.69

9.77

56.80

26.05

9

80.94

115.40

1.93

1.74

47.72

69.96

50.70

32.21

10

2.21

2.49

1.48

0.95

0.95

0.52

12.19

9.89

11

1.75

0.87

0.88

0.35

0.68

0.27

11.86

7.95

107

12

21.42

26.41

1.22

1.02

11.53

13.41

37.11

23.04

108

13

28.25

53.63

0.95

0.45

14.63

26.83

73.44

20.59

14

79.38

98.22

1.24

0.83

47.65

52.06

71.37

22.99

104
105
106

109

15

33.70

30.91

1.13

0.83

18.97

14.41

65.51

28.85

110

16

25.91

32.79

1.45

1.76

14.51

18.41

22.18

20.53

111

17

108.62

112.13

1.09

0.63

71.06

60.85

59.32

27.39

Average

1.55

34.24

30.69

1.49

0.59

21.52

19.53

45.14

24.92

Table 4.5 shows an overall heartbeat recognition capability of 45.14% with a
standard deviation of 24.92%. These results show a wide range of heartbeat recognition
capability per user with a maximum of 85.00% and a minimum of 11.85%.

4.2.5

PPG, SPO, and PPG+SPO
In addition to all of the data included in previous sections, Table 4.6 provides an

overview of how the PPG and SPO signals differ and how they can be combined to
improve overall signal quality as seen in Figure 3.16. Table 4.6 combines all of the data
collected and combined for all users. The following metrics are displayed in this table:
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Average Pulse Height: The average relative PPG amplitude of the selected signal
(PPG, SPO, or PPG + SPO).



Average Pulse Width: The average width, in milliseconds, between the beginning
and end of a heartbeat of the selected signal (PPG, SPO, or PPG + SPO).



RMSbp: The Root Mean Square of the selected signal (PPG, SPO, or PPG + SPO)
after passing through a bandpass filter of 1 to 15 Hz.



Weighted RMSbp: The Root Mean Square of the selected signal (PPG, SPO, or
PPG + SPO) after passing through a bandpass filter of 1 to 15 Hz and then
weighted according to the touch length as seen in (4.2)



% of Time Heart Beat Detected: Total average percentage of time when heart
activity can reliably be detected.



Weighted % of Time Heart Beat Detected: Total average percentage of time when
heart activity can reliably be detected weighed in the same way as RMS bp.

Table 4.6 Quality Analysis of PPG signal

Signal Type

Average Pulse
Height

Average Pulse
Width (ms)

RMSbp

Weighted
RMSbp

% of Time
Heart Beat
Detected

Weighted % of
Time Heart
Beat Detected

PPG Only

561.18

113.30

306.53

318.86

43.55

57.53

SPO Only

354.41

109.96

182.66

164.37

30.22

40.13

PPG + SPO

768.38

114.89

410.26

421.43

40.61

53.88

One very interesing outcome of this analysis is that the longer one holds the
bottle, the more likely there is usable data. This can be explained by significant change of
the baseline at the beginning of the touch event, as shown in Figure 2.6. By giving the
longer sessions a greater weight, the overall RMSbp is improved in both PPG only and
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PPG and SpO2 combined. Curiously, SpO2 weighted RMSbp is lower than the
unweighted RMSbp value. Equation (4.2) is used to find weighted RMSbp based on
indiviaul touch lengths.

𝑇𝑜𝑢𝑐ℎ 𝐿𝑒𝑛𝑔𝑡ℎ

𝑖
𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑅𝑀𝑆 = ∑(𝑤𝑒𝑖𝑔ℎ𝑡𝑖 ∗ 𝑅𝑀𝑆𝑖 ) = ∑(𝑇𝑜𝑡𝑎𝑙 𝑇𝑜𝑢𝑐ℎ 𝑇𝑖𝑚𝑒
∗ 𝑅𝑀𝑆𝑖 ) (4.2)

The weighted percentage of time that heart beats are detected is higher than the
non-weighted version. It is interesting to note in
Table 4.6 that there is the curious result of a greater percentage of heartbeats
detected using only the PPG signal than the combined PPG and SpO2 signals combined.
The RMSbp of the PPG and SpO2 signal has implications for the quality of the signal
being recorded. Therefore, it is interesting that the PPG signal alone could have a higher
percentage of recognized beats when it has a lower RMSbp than the combination of PPG
and SPO signals. Generally, a greater signal amplitude indicates a higher quality signal.
Figure 4.1 shows the trend of increasing percentage of detected heartbeats as the RMS of
the signal increases for a typical touch session.
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Figure 4.1 Percentage of Heart Beats Detected as a Function of RMS of the Signal

Power Measurements

Power measurements were recorded to determine the amount of power that is used
when the bottle is in the idle state and when TAPS is powered. When idle, the sensor uses
0.102 mW. When active, the sensor uses 60.7 mW. Average power consumption depends
on the average bottle usage. In our pilot study, the average contact time is 35.01 seconds
with 15.29 touch events per day as shown in Table 4.2. This means the average number
of seconds touched per day is 535.3 seconds, or 0.1487 hours which is 0.62% of an entire
day. Therefore, the equivalent average power is 0.477 mW. The expected battery life for
a 230mAh coin cell battery is

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝑙𝑖𝑓𝑒(𝑐𝑎𝑝𝑎𝑐𝑡𝑖𝑣𝑖𝑒 𝑡𝑜𝑢𝑐ℎ) =

230 𝑚𝐴ℎ
0.145𝑚𝐴

= 1555 ℎ𝑜𝑢𝑟𝑠 = 64.8 𝑑𝑎𝑦𝑠

Without smart sensing, battery life would be
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(4.3)

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝑙𝑖𝑓𝑒(𝑛𝑜 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑖𝑣𝑒 𝑡𝑜𝑢𝑐ℎ) =

230𝑚𝐴ℎ
18.4𝑚𝐴

= 12.2 ℎ𝑜𝑢𝑟𝑠 = 0.5 𝑑𝑎𝑦𝑠

(4.4)

User Feedback

Some users provided feedback on the bottle design. Knowing that this bottle is a
prototype design with many changes needed in the future, their suggestions are very
useful. One main concern among users was the weight of the bottle. In order to reduce the
overall weight, a smaller battery could be used. The main issue with the prototype was
the heavy battery (11.1 Wh).
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CHAPTER 5

5

CONCLUSION

In this thesis, we expanded upon a smart water bottle we call Smart Stuff. TAPS
was developed to attach to Smart Stuff and provide both physical bottle usage data (touch
events) and physiological data (heart metrics) when the bottle was held. The idea of
creating a sensor which can be placed in everyday objects to obtain physiological data is
proposed and tested in this thesis.
A study was performed to determine how the bottle was used throughout the day,
and to determine the usability of PPG data that is collected by TAPS. The results of this
study show that, on average, 45.14% ± 24.92% of the data taken with TAPS provides
usable PPG data. The usefulness of data varies greatly on a per-user basis with some
users achieving a high 85% of heart beats detected on average during touch events and
others achieving a much lower 11.85% of heart beats detected on average. 11.85%
appears to be a low percentage, however, recognizing at least two consecutive heart beats
during a touch event will provide at least one inter-beat interval measurement that can be
used to calculate current heart rate. The average hold time during a touch event is 35.01
seconds. With a touch event of only 20 seconds, obtaining 10% usable data would
provide two seconds of heart beats, which is enough to determine one inter-beat interval.
This means that even a lower percentage of usable data is still useful during the average
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touch event. The variation in signal quality can be explained both through age and the
way in which the bottle was used. There is no user feedback to let them know the optimal
pressure for a good PPG signal. The more familiar the user becomes with the bottle, the
better the user is at providing a higher amplitude signal. Training by using the UAH
Serial App would likely return a higher overall percentage of heart beats detected. A test
could be performed by using the bottle before and after training with the UAH Serial App
to look for a significant improvement in the percentage of detected heart beats.
Another explanation for high variability in the percentage of heart beats detected
could be the way the red and IR LEDs were tuned. By being tuned to one user during
development, it could be that different users need different light levels. A suggested
solution is presented in Section 3.4.1 that could provide an auto calibration routine for
each individual user.
This thesis provided five original contributions:
1. Development of the heart monitoring sensor for Smart Stuff devices
2. Implementation of embedded sensor
3. Development of software driver
4. Experimental Validation of the sensor
5. Analysis of Feasibility
Future work on this project would include real-time implementation of R-R
interval calculations. This would provide a compact solution for sending only R-R
interval data to a requesting microcontroller. Providing a simple Application
Programming Interface (API) for requesting heart data would allow TAPS to be
embedded in any object with no need for post processing to obtain R-R interval values.
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As a stand-alone sensor, it could easily provide physiological data to a master
microcontroller. In order for this to become a reality, the embedded software would have
to be expanded to implement the post-processing algorithms. TAPS has the potential to
be embedded in any object that is touched throughout the day.
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6

APPENDIX

A. Embedded Microcontroller Software
// Maxim PPG Embedded Software
// 1/31/2017
/* Summary: This software samples the PPG IR and
* Red signals at a sample rate of 1000 Hz with 200 us
* pulse width. If there is an SD
* card available, data is saved. Otherwise,
* transmitted to serial app. No averaging is needed
* at this sample rate.
*/
#include <i2c_t3.h>
// Set up timer interrupts
IntervalTimer myTimerCount;
//PPG-Maxim-30100 Register and Capacitance Definitions
#define PPG_READ_ADDRESS 0x57
#define PPG_WRITE_ADDRESS 0x57
#define PPG_INTERRUPT_STATUS 0x00
#define PPG_INTERRUPT_ENABLE 0x01
#define PPG_FIFO_WRITE_POINTER 0x02
#define PPG_OVER_FLOW_COUNTER 0x03
#define PPG_FIFO_READ_POINTER 0x04
#define PPG_FIFO_DATA_REGISTER 0x05
#define PPG_MODE_CONFIGURATION 0x06
#define PPG_SPO2_CONFIGURATION 0x07
#define PPG_LED_CONFIGURATION 0x09
#define PPG_TEMP_INTEGER 0x16
#define PPG_TEMP_FRACTION 0x17
#define PPG_REVISION_ID 0xFE
#define PPG_PART_ID 0xFF
#define TS 1000
#define CAP_SEN 1650
// SD card variable definitions
// (SD card portion adapted from program by Vindhya & Emil Jovanov)
#define SD_INIT_DELAY 200
#define USB_Serial Serial
#define SD_Serial Serial2
// SD card variables
volatile unsigned long TickCounter = 0;
boolean SD_active=false; // will be true if SD is present and ready
during initialization

// Physical switch allows graceful shutdown of SD card reader
const int SWITCH = 2;
// Serial app message
#define MSG_LENGTH 12 //
1(header)+4(tickcounter)+2(ppg)+2(spo)+2(cap)+1(CS)
byte message[MSG_LENGTH];
//Various PPG variables
unsigned int tstart;
volatile unsigned int numSamp = 0;
volatile unsigned int numSampCopy; // holds a copy of the blinkCount
unsigned char fifoPtrW = 0;
unsigned char fifoPtrR = 0;
unsigned char num_avaliable_1 = 0;
unsigned char num_avaliable_2 = 0;
volatile unsigned char ppg1[4];
volatile unsigned char ppg2[4];
volatile uint16_t ppg, spo;
volatile bool timer_flag = false;
const int TeensyCapIn = 15; //Pin 23: Teensy capacitance reading/4th
pin from top right
volatile unsigned int capacitance;
bool PPG_on = false;
// Analog PPG variables
int sensorPin = 14;
void setup()
{
message[0]=0x55; // serial header value
pinMode(SWITCH, INPUT);// for graceful shutdown
pinMode(LED_BUILTIN, OUTPUT); // initialize LED on Teensy
USB_Serial.begin(115200); // initiate Teensy serial port on USB
SD_Serial.begin(115200); // initiate Teensy serial port for SD
storage
// Initiate MAX30100 sensors over I2C
// I2C setup for Master mode, pins 18/19, internal pullups, 400kHz
Wire.begin(I2C_MASTER, PPG_READ_ADDRESS,I2C_PINS_18_19 ,
I2C_PULLUP_INT, I2C_RATE_400);
delay(100); // 100 ms delay
// Initialize second PPG if desired
// I2C setup for Master mode, pins 18/19, internal pullups, 400kHz
//Wire1.begin(I2C_MASTER, PPG_READ_ADDRESS,I2C_PINS_29_30 ,
I2C_PULLUP_INT, I2C_RATE_400);
myTimerCount.begin(timerISRcount, TS); //interrupt every 1 ms
SD_active = SD_Check();
if (SD_active) {
// wait for SD to become active
}
}
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//***** timer ISR: the main timer interrupt service routine, keep it
short
// this controls how often capacitance is read
void timerISRcount(void) {
timer_flag = true;
TickCounter++;
} // end timerISRcount
//***** main infinite loop
void loop() {
if (timer_flag) {
timer_flag=false;
capacitance = touchRead(TeensyCapIn);
// if not touched...
if (capacitance < CAP_SEN) {
// if the PPG is already on, reset / turn off
if (PPG_on) {
writeRegister(PPG_MODE_CONFIGURATION, 0x40);
PPG_on = false;
digitalWrite(LED_BUILTIN, LOW); // turn off Teensy LED
}
}
// if touched...
else if (capacitance >= CAP_SEN) {
// if PPG is already on, check for data
if (PPG_on) {
check_ppg1();
// if SD card avalible, save data
if (SD_active) {
send_data_sd();
}
// if SD card not avaliable, send to Serial App
else {
send_data();
}
}
// if the PPG is not on, initialize PPG
else if (!PPG_on){
initialize_ppg1();
PPG_on = true;
digitalWrite(LED_BUILTIN, HIGH);
}
}
}
delayMicroseconds(100);
} //*** end infinite loop
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// reads interrupt and sees if data is ready
// also checks fifo for data
void check_ppg1(void) {
// read fifo read and write pointers
fifoPtrW = readRegister(PPG_FIFO_WRITE_POINTER);
fifoPtrR = readRegister(PPG_FIFO_READ_POINTER);
// check to see if new items are in the fifo
if (fifoPtrW > fifoPtrR) {
num_avaliable_1 = fifoPtrW - fifoPtrR;
}
else {
if (fifoPtrR > fifoPtrW) {
num_avaliable_1 = 15 - fifoPtrR + 1 + fifoPtrW;
}
else {
num_avaliable_1 = 0;
}
}
// if data is in the fifo, read the latest value
while (num_avaliable_1 > 0) {
readRegisters(PPG_FIFO_DATA_REGISTER,4,ppg1);
ppg = ppg1[1] | uint16_t(ppg1[0]) << 8;
spo = ppg1[3] | uint16_t(ppg1[2]) << 8;
num_avaliable_1 = num_avaliable_1 - 1;
}
// all FIFO data read, only last sample is saved in ppg1
numSampCopy=numSamp;
}
// same as check_ppg1, but allows a second PPG to be accessed
void check_ppg2(void) {
// read fifo read and write pointers
fifoPtrW = readRegister2(PPG_FIFO_WRITE_POINTER);
fifoPtrR = readRegister2(PPG_FIFO_READ_POINTER);
// check to see if new items are in the fifo
if (fifoPtrW > fifoPtrR) {
num_avaliable_2 = fifoPtrW - fifoPtrR;
}
else {
if (fifoPtrR > fifoPtrW) {
num_avaliable_2 = 15 - fifoPtrR + 1 + fifoPtrW;
}
else {
num_avaliable_2 = 0;
}
}
// if data is in the fifo, read the latest value
while (num_avaliable_2 > 0) {
readRegisters2(PPG_FIFO_DATA_REGISTER,4,ppg2);
num_avaliable_2--;
}
// all FIFO data read, only last sample is saved in ppg1
}
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// sends PPG fifo data to UAH Serial App
void send_data(void) {
/*
* Output to UAH Serial App
*/
message[1] = (unsigned char) (TickCounter & 0xFF);
message[2] = (unsigned char) ((TickCounter>>8) & 0xFF);
message[3] = (unsigned char) ((TickCounter>>16) & 0xFF);
message[4] = (unsigned char) ((TickCounter>>24) & 0xFF);
message[5] = (unsigned char) (ppg & 0xFF);
message[6] = (unsigned char) ((ppg>>8) & 0xFF);
message[7] = (unsigned char) (spo & 0xFF);
message[8] = (unsigned char) ((spo>>8) & 0xFF);
message[9] = (unsigned char) (capacitance & 0xFF);
message[10] = (unsigned char) ((capacitance>>8) & 0xFF);
// Calculate CRC byte for the message
message[MSG_LENGTH-1] = message[1];
for (int in = 2; in < MSG_LENGTH-1; in++) {
message[MSG_LENGTH-1] = (byte) (message[MSG_LENGTH-1] +
message[in]);
}
//*** send the message
USB_Serial.write(message,MSG_LENGTH);
USB_Serial.send_now();
}
// sends PPG fifo data to SD card
void send_data_sd(void) {
/*
* Output to SD card
*/
message[1] = (unsigned char) (TickCounter & 0xFF);
message[2] = (unsigned char) ((TickCounter>>8) & 0xFF);
message[3] = (unsigned char) ((TickCounter>>16) & 0xFF);
message[4] = (unsigned char) ((TickCounter>>24) & 0xFF);
message[5] = (unsigned char) (ppg & 0xFF);
message[6] = (unsigned char) ((ppg>>8) & 0xFF);
message[7] = (unsigned char) (spo & 0xFF);
message[8] = (unsigned char) ((spo>>8) & 0xFF);
message[9] = (unsigned char) (capacitance & 0xFF);
message[10] = (unsigned char) ((capacitance>>8) & 0xFF);
// Calculate CRC byte for the message
message[MSG_LENGTH-1] = message[1];
for (int in = 2; in < MSG_LENGTH-1; in++) {
message[MSG_LENGTH-1] = (byte) (message[MSG_LENGTH-1] +
message[in]);
}
SD_Serial.write(message,MSG_LENGTH);
}
//Initialize first PPG
void initialize_ppg1(void) {
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ppg1[0]
ppg1[1]
ppg1[2]
ppg1[3]

=
=
=
=

0;
0;
0;
0;

writeRegister(PPG_MODE_CONFIGURATION, 0x40); // reset the device
and turn off
writeRegister(PPG_LED_CONFIGURATION,0x7F); //
writeRegister(PPG_SPO2_CONFIGURATION,0x1C); // 0x1D 1000 samples
per second
writeRegister(PPG_INTERRUPT_ENABLE,0x20);
writeRegister(PPG_FIFO_WRITE_POINTER,0x00);
writeRegister(PPG_OVER_FLOW_COUNTER,0x00);
writeRegister(PPG_FIFO_READ_POINTER,0x00);
writeRegister(PPG_MODE_CONFIGURATION,0x03); // 0x02 hr only, 0x03
hr+spo2
}
//Initialize second PPG if desired
void initialize_ppg2(void) {
ppg2[0] = 0;
ppg2[1] = 0;
ppg2[2] = 0;
ppg2[3] = 0;
writeRegister2(PPG_MODE_CONFIGURATION, 0x40); // reset the device
and turn off
writeRegister2(PPG_LED_CONFIGURATION,0x0F);
writeRegister2(PPG_SPO2_CONFIGURATION,0x1D); // 1000 samples per
second, 13-bit resolution
writeRegister2(PPG_INTERRUPT_ENABLE,0x20);
writeRegister2(PPG_FIFO_WRITE_POINTER,0x00);
writeRegister2(PPG_OVER_FLOW_COUNTER,0x00);
writeRegister2(PPG_FIFO_READ_POINTER,0x00);
writeRegister2(PPG_MODE_CONFIGURATION,0x02); // 0x02 hr only, 0x03
hr+spo2
}
boolean SD_Check(void) {
unsigned long timestart;
timestart=TickCounter;
boolean SD_ready = false;
int inchar;
//Wait for OpenLog to respond with '<' to indicate we are in
writing mode
while((TickCounter< timestart + SD_INIT_DELAY) && ~SD_ready) {
while( SD_Serial.available()) {
inchar = SD_Serial.read();
if (inchar == '<' ) {
SD_ready=true;
} // end check input
} // end read serial
} // end check status
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return SD_ready;
} // end SD_check
//Procedure to write data to SD_card
void SD_write (){
// check for switch to close the file
if (digitalRead(SWITCH)== LOW){
SD_Serial.write(26);
SD_Serial.write(26);
SD_Serial.write(26);
SD_active = false;
}
// end of checking switch
} //end of writing data to SD_card
//Write data to a register on capacative sensor connected over I2C
void writeRegister(unsigned char r, unsigned char v) {
Wire.beginTransmission(PPG_WRITE_ADDRESS);
Wire.send(r);
Wire.send(v);
Wire.endTransmission();
}
//Write data to a register on capacative sensor connected over I2C
void writeRegister2(unsigned char r, unsigned char v) {
Wire1.beginTransmission(PPG_WRITE_ADDRESS);
Wire1.send(r);
Wire1.send(v);
Wire1.endTransmission();
}
//Read a value from a register from capacative sensor connected over
I2C
unsigned char readRegister(unsigned char r) {
unsigned char v;
// enable timout
tstart=numSamp;
Wire.beginTransmission(PPG_WRITE_ADDRESS);
Wire.send(r); // register to read
Wire.endTransmission();
Wire.requestFrom(PPG_READ_ADDRESS, 1); // read a byte
while(Wire.available()==0 && numSamp<(tstart+3)) {
// waiting
}
if (numSamp<(tstart+3)) {
v = Wire.receive();
return v;
}
else {
return 0;
}
}
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//Read a value from a register from capacative sensor connected over
I2C
unsigned char readRegister2(unsigned char r) {
unsigned char v;
// enable timout
tstart=numSamp;
Wire1.beginTransmission(PPG_WRITE_ADDRESS);
Wire1.send(r); // register to read
Wire1.endTransmission();
Wire1.requestFrom(PPG_READ_ADDRESS, 1); // read a byte
while(Wire1.available()==0 && numSamp<(tstart+3)) {
// waiting
}
if (numSamp<(tstart+3)) {
v = Wire1.receive();
return v;
}
else {
return 0;
}
}
//Read multiple value from multiple registers from capacative sensor
connected over I2C
void readRegisters(unsigned char r, unsigned int numberOfBytes,
volatile unsigned char buffer[]) {
uint8_t i = 0;
Wire.beginTransmission(PPG_WRITE_ADDRESS);
Wire.send(r); // register to read
Wire.endTransmission(false);
Wire.requestFrom((uint8_t)PPG_READ_ADDRESS, numberOfBytes); // read
a byte
i = 0;
while (i<numberOfBytes) {
while(!Wire.available()) {
// waiting
}
buffer[i] = Wire.receive();
i++;
}
}
//Read multiple value from multiple registers from capacative sensor
connected over I2C
void readRegisters2(unsigned char r, unsigned int numberOfBytes,
volatile unsigned char buffer[]) {
uint8_t i = 0;
Wire1.beginTransmission(PPG_WRITE_ADDRESS);
Wire1.send(r); // register to read
Wire1.endTransmission(false);
Wire1.requestFrom((uint8_t)PPG_READ_ADDRESS, numberOfBytes); //
read a byte
while (i<numberOfBytes) {
while(!Wire1.available()) {
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// waiting
}
buffer[i] = Wire1.receive();
i++;
}
}
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B. MATLAB Data Parsing Software
function [tick,p,s,c,ts,te,nt,tbt,tlen,tused]=import_sd_data(filename)
%%%%%% [tick,p,s,c,ts,te,nt,tbt,tlen,tused]
% import_sd_data processes raw data from SD card in file filename
%
[tick,p,pf,s,sf,c,cf,ts,te,nt,tbt,tlen]=import_sd_data(filename)
%
% where
%
tick - sample number in ticks (default 1ms)
%
p - raw PPG
%
pf - bandpass filtered PPG
%
s - raw SPO2
%
sf - bandpass filtered SPO2
%
c - raw capacitance
%
cf - bandpass filtered capacitance
%
ts - start index of the touch episode
%
te - end index of the touch episode
%
nt - number of the touch episodes
%
tbt - time between touches
%
tlen - length of individual touches
%
tused - percentage of time heart beat
%
% Data format:
% 1 byte header, 4 tick, 2 ppg, 2 spo, 2 cap, 1 checksum = 12 bytes
%
% J.Pryor & E.Jovanov
% March 2017
%
%% Processing SD file
Fs=1000;
TINIT_PPG=0.4;
TINIT_CAP=2;
MIN_TOUCH_LEN=3;
MIN_RR=350;
MAX_RR=1500;
fileID = fopen(filename);
i=1;
fseek(fileID,0,'eof');
flength=ftell(fileID);
N=floor(flength/12);
fseek(fileID,0,'bof');
buff=fread(fileID,flength,'uint8');
j=1;
% Read data from buffer (all data from SD card)
for i=1:1:length(buff)-12
if buff(i) == 85
crc=sum(buff(i+1:i+10));
crcbit=bitget(crc,8:-1:1);
checksum=bitget(buff(i+11),8:-1:1);
if isequal(crcbit,checksum) && buff(i+12) == 85
is(j)=i;
ie(j)=i+11;
tick(j)= typecast(uint8(buff(i+1:i+4)),'uint32');
ppg(j)=typecast(uint8(buff(i+5:i+6)),'uint16');
spo(j)=typecast(uint8(buff(i+7:i+8)),'uint16');
cap(j)=typecast(uint8(buff(i+9:i+10)),'uint16');
j=j+1;
end
end
end
fclose(fileID);
%% Data Processing
% Filter one sample glitches in the signal
% and convert arrays to 'double' for future processing
p=medfilt1(double(ppg),3);
s=medfilt1(double(spo),3);
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c=medfilt1(double(cap),3);
% create segments
[ts,te,nt,tbt,tlen]=touch(tick,Fs,MIN_TOUCH_LEN);
%
tused=0;
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C. MATLAB Touch Parsing Software
function [ts,te,nt,tbt,tlen,ii]=touch(tick,Fs,mintouch)
% TOUCH
%
%
[ts,te,nt,tbt,tlen]=touch(tick,Fs,mintouch)
%
% Outputs:
%
ts: touch start
%
te: touch end
%
nt: number of touches
%
tbt: time between touches
%
tlen: lenght of each touch
%
% Inputs:
%
tick: microprocessor ticks
%
Fs; sampling frequency
%
mintouch: minimum touch time to be registered in seconds
if nargin < 3
minlen = 3000;
else
if nargin < 2
Fs = 1000;
minlen = mintouch*Fs;
else
minlen = mintouch*Fs;
end
end
N=length(tick);
dt=diffvector(tick);
ii=1:N;
tbpi=ii(dt>minlen);
tt=double(tick);
tsi=[1 ii(tbpi)];
tei=[ii(tbpi)-1 ii(length(tick))];
tleni=tick(tei)-tick(tsi);
j=1;
for i=1:length(tleni)
if(tleni(i) > minlen)
ts(j)=tsi(i);
te(j)=tei(i);
j=j+1;
end
end
tlen=te-ts;
nt=length(ts);
tbt=[tick(ts(2))-tick(te(1)) tick(ts(2:length(ts)))-tick(te(1:length(te)-1))];
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